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DISTANCE - BASED LEARNING by the data processing hardware , parameters of the classi 
CONFIDENCE MODEL fication model based on the class distance measure and the 

ground - truth distance . For each training example in the 
CROSS REFERENCE TO RELATED query set of training examples identified as being misclas 

APPLICATIONS 5 sified , the method further includes : generating , by the data 
processing hardware , using the confidence model , a standard 

This U.S. patent application claims priority under 35 deviation value for the query encoding generated by the 
U.S.C. $ 119 ( e ) to U.S. Provisional Application 62 / 904,978 , classification model for the corresponding misclassified 
filed on Sep. 24 , 2019. The disclosure of this prior applica training example ; sampling , by the data processing hard 
tion is considered part of the disclosure of this application 10 ware , using the standard deviation value and the query 
and is hereby incorporated by reference in its entirety . encoding , a new query encoding for the corresponding 

misclassified training example ; and updating , by the data 
TECHNICAL FIELD processing hardware , parameters of the confidence model 

based on the new query encoding . 
This disclosure relates to a distance - based learning con- 15 Implementations of the disclosure may include one or 

fidence model . more of the following optional features . In some implemen 
tations , the ground - truth label includes a ground - truth cen 

BACKGROUND troid value within a distance - based representation space . In 
some examples , updating the parameters of the classification 

Machine learning models receive an input and generate an 20 model based on the class distance measure and the ground 
output , e.g. , a predicted output , based on the received input . truth distance trains the classification model to minimize 
Machine learned models are trained on data . However , intra - class distances and maximize inter - class distances . 
quantifying the confidence of a trained model for a predic- In some implementations , the confidence model is trained 
tion ( also known as confidence calibration ) is a challenge . to maximize the standard deviation value for larger ground 
For a ' well - calibrated ' model , the predictions with higher 25 truth distances and sample new query encodings close to 
confidence should be more likely to be accurate . However , respective ground - truth centroid values . In some examples , 
predictive probabilities obtained at the end of the pipeline any training examples in the query set of training example 
( the softmax output ) , which are erroneously interpreted as identified as being misclassified include any training 
model confidence , calibrate the model's decision quality examples in the query set of training examples that include 
poorly — the confidence value tends to be large even when 30 ground - truth distances failing to satisfy a distance threshold . 
the classification is inaccurate . In some implementations , the confidence model is not 

trained on training examples in the query set of training 
SUMMARY examples that include ground - truth distances satisfying a 

distance threshold . In some examples , updating parameters 
One aspect of the disclosure provides a method for jointly 35 of confidence model includes updating the parameters of the 

training a classification model and a confidence model . The confidence model to encourage the confidence model to 
method includes receiving , at data processing hardware , a output larger standard deviation values for query encodings 
training data set including a plurality of training data sub- associated with larger class distance measures . In some 
sets . Each training data subset is associated with a different implementations , the training examples include image data . 
respective class and has a plurality of corresponding training 40 The classification model may include a deep neural network 
examples that belong to the respective class . From two or ( DNN ) . In some examples , the confidence model includes a 
more training data subsets in the training data set , the deep neural network ( DNN ) . 
method also includes selecting , by the data processing Another aspect of the disclosure provides a system for 
hardware , a support set of training examples and a query set jointly training a classification model and a confidence 
of training examples . The support set of training examples 45 model . The system includes data processing hardware and 
includes K number of training examples sampled from each memory hardware in communication with the data process 
of the two or more training data subsets , and the query set ing hardware . The memory hardware stores instructions that 
of training examples includes training examples sampled when executed by the data processing hardware cause the 
from each of the two or more training data subsets that are data processing hardware to perform operations that 
not included in the support set of training examples . For 50 includes receiving a training data set including a plurality of 
each respective class associated with the two or more training data subsets . Each training data subset is associated 
training data subsets , the method further includes determin- with a different respective class and has a plurality of 
ing , by the data processing hardware , using the classification corresponding training examples that belong to the respec 
model , a centroid value by averaging K number of support tive class . From two or more training data subsets in the 
encodings associated with the K number of training 55 training data set , the operations also include selecting a 
examples in the support set of training examples that belong support set of training examples and a query set of training 
to the respective class . For each training example in the examples . The support set of training examples includes K 
query set of training examples , the method also includes : number of training examples sampled from each of the two 
generating , by the data processing hardware , using the or more training data subsets , and the query set of training 
classification model , a query encoding ; determining , by the 60 examples includes training examples sampled from each of 
data processing hardware , a class distance measure repre- the two or more training data subsets that are not included 
senting a respective distance between the query encoding in the support set of training examples . For each respective 
and the centroid value determined for each respective class ; class associated with the two or more training data subsets , 
determining , by the data processing hardware , a ground- the operations further include determining , using the clas 
truth distance between the query encoding and a ground- 65 sification model , a centroid value by averaging K number of 
truth label associated with the corresponding training support encodings associated with the K number of training 
example in the query set of training examples ; and updating , examples in the support set of training examples that belong 

a 

a 

a 
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to the respective class . For each training example in the FIG . 5 is a flowchart of an example arrangement of 
query set of training examples , the operations also include operations for a method of training a classification model in 
generating , using the classification model , a query encoding , parallel with a confidence model . 
determining a class distance measure representing a respec- FIG . 6 is a schematic view of an example computing 
tive distance between the query encoding and the centroid 5 device that may be used to implement the systems and 
value determined for each respective class ; determining a methods described herein . 
ground - truth distance between the query encoding and a Like reference symbols in the various drawings indicate 
ground - truth label associated with the corresponding train- like elements . 
ing example in the query set of training examples ; and 
updating parameters of the classification model based on the 10 DETAILED DESCRIPTION 
class distance measure and the ground - truth distance . For 
each training example in the query set of training examples Conventional techniques for training deep neural net identified as being misclassified , the operations further works ( DNNs ) typically results in poorly calibrated DNNs . include generating , using the confidence model , a standard Since DNNs are deployed in many important decision deviation value for the query encoding generated by the 15 making scenarios , poor calibration can result in wrong classification model for the corresponding misclassified decisions that can be very costly . To prevent acting on wrong training example ; sampling , using the standard deviation decisions made by a DNN , it is desirable for the DNN to value and the query encoding , a new query encoding for the 
corresponding misclassified training example ; and updating output confidence estimations on decisions output by the 
parameters of the confidence model based on the new query 20 DNN . To this end , a system can refrain from acting upon 
encoding . decisions output by the DNN with low confidence can be 

Implementations of the disclosure may include one or avoided from being acted upon and / or human experts can be 
more of the following optional features . In some implemen consulted , so that detrimental consequences can be avoided 
tations , the ground - truth label includes a ground - truth cen if these low confidence decisions were relied and acted 
troid value within a distance - based representation space . In 25 upon . Unfortunately , accurate confidence estimation is chal 
some examples , updating the parameters of the classification lenging for DNNs , especially for DNNs that are poorly 
model based on the class distance measure and the ground calibrated . 
truth distance trains the classification model to minimize Implementations herein are directed toward a training 
intra - class distances and maximize inter - class distances . framework that implements distance - based Learning from 

In some implementations , the confidence model is trained 30 Errors ( DBLE ) to yield well - calibrated neural networks . In 
to maximize the standard deviation value for larger ground- DBLE , a system trains a classification model ( also referred 
truth distances and sample new query encodings as close to to as “ predictive model ” ) and a confidence model in parallel . 
ground - truth centroid . In some examples , any training The training of the classification model with DBLE learns a 
examples in the query set of training example identified as distance - based representation space , whereby the distance 
being misclassified include any training examples in the 35 based representation space defines an L2 distance for a test 
query set of training examples that include ground - truth sample to a ground - truth class center of the text sample for 
distances failing to satisfy a distance threshold . In some calibrating performance of the classification model on the 
implementations , the confidence model is not trained on given test sample . Thus unlike vanilla training ( conventional 
training examples in the query set of training examples that training to optimize maximum likelihood ) , training classi 
include ground - truth distances satisfying a distance thresh- 40 fication models with DBLE possess a feature for use as a 
old . In some examples , updating parameters of confidence golden confidence measurement calibrating its decision 
model includes updating the parameters of the confidence quality . However , since calculating this distance for a test 
model to encourage the confidence model to output larger sample requires a label for the ground - truth class center , it 
standard deviation values for query encodings associated cannot be directly obtained at inference . Therefore , the 
with larger class distance measures . In some implementa- 45 training of the confidence model with DBLE is configured to 
tions , the training examples include image data . The clas- estimate this distance as a confidence score during inference . 
sification model may include a deep neural network ( DNN ) . To train the confidence model , DBLE utilizes misclassified 
In some examples , the confidence model includes a deep training samples during the training of the classification 
neural network ( DNN ) . model ( learning from training errors ) . 

The details of one or more implementations of the dis- 50 Referring to FIG . 1 , in some implementations , a system 
closure are set forth in the accompanying drawings and the 100 includes a computing environment 130 including 
description below . Other aspects , features , and advantages resources 102 , such as data processing hardware 104 ( e.g. , 
will be apparent from the description and drawings , and server ( s ) or CPU ( s ) and / or remote memory hardware 106 
from the claims . storing instructions that when executed on the data process 

55 ing hardware 104 cause the data processing hardware 104 to 
DESCRIPTION OF DRAWINGS perform operations . A distance - based Learning from Errors 

( DBLE ) architecture 200 that trains a classification model 
FIG . 1 is an example system providing a training frame 210 and a confidence model 220 in parallel may reside on 

work that implements distance - based Learning from Errors the resources 102. In the example shown , the DBLE archi 
( DBLE ) to train a classification model and a calibration 60 tecture 200 trains the classification model 210 on a training 
model . data set 110 including a plurality of training data subsets 
FIG . 2 is an example of a DBLE architecture for training 112 , 112a - n that each include multiple training examples 

the classification model and the calibration model of FIG . 1 . 114 associated with a different respective class . Each train 
FIGS . 3A and 3B show plots of a distance - based repre- ing example 114 includes a corresponding ground - truth label 

sentation space of training examples . 65 indicating the respective class the training example 114 
FIG . 4 is an example algorithm for using the DBLE to belongs to . Here , the ground - truth label may include a 

train the classification model and the calibration model . ground - truth centroid value 212G in a distance - based rep 
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resentation space . In some examples , the training examples For each respective class associated with the N number of 
correspond to images or image data . training data subsets 112 , the DBLE determines , using the 
As will become apparent , the DBLE architecture 200 is classification model 210 , a centroid value 214 by averaging 

configured to learn a distance - based representation space K number of support encodings 212S , 212Sa - k associated 
through the classification model 210 and exploit distances in 5 with the K number of training examples 114Sa - k in the 
the space to yield well - calibrated classification . The DBLE support set of training examples 114S that belong to the 
architecture 200 relies on a correlation that a location of a respective class . That is , for a given class , the classification 

model 210 receives , as input , each of the K number of test sample in the representation space and a distance of the training examples 114 in the support set of training examples test sample to training samples in the same class contains useful information for guiding confidence estimation . 10 1148 , and generates , as output , a corresponding support 
encoding 212S for each training example in the support set . Namely , the DBLE architecture is configured to adapt pro For the given class , DBLE averages the K number of support totypical learning for training and inference to learn the encodings 212S to calculate / determine a respective centroid 

distance - based representation space through classification value 214 for the respective given class . Accordingly , DBLE 
such that the distance of the test sample to a ground - truth 15 repeats for the remaining N number of training subsets 212 
class center is able to calibrate performance of the classifi- so that N number of centroid values 214 are computed such 
cation model 210. As used herein , prototypical learning that each centroid value 214 represents a respective one of 
refers to both training and prediction depending solely on a the N number of classes . 
distance of samples to their corresponding class centers ( also The classification model 210 further generates a respec 
referred to as ‘ prototypes ' ) in the representation space , 20 tive query encoding 2120 , h ,, for each training example in 
thereby optimizing training of the classification model 210 the query set of training examples 114Q and the DBLE 
to minimize intra - class distances and maximize inter - class determines a class distance measure representing a respec 
distances so that related samples are clustered together in the tive distance between the query encoding 212Q and the 
representation space . Since the ground truth label for the centroid value 214 determined for each respective class . The 
ground - truth class center is unknown during inference , the 25 DBLE also determines a ground - truth distance between the 
DBLE architecture 200 trains the separate confidence model query encoding 212Q and the ground - truth centroid value 
220 jointly with the classification model 210 , to thereby 212G associated with the corresponding training example in 
permit estimation of the distance of a test sample to its the query set of training examples 114Q and updates param 
ground - truth class center . Specifically , implementations are eters of the classification model 210 based on the class 
directed toward training the confidence model on only 30 distance measure and the ground - truth distance . Specifically , 
training samples that were misclassified by the classification the DBLE employs a proto - loss for classification 215 that 
model 210 during training . The models 210 , 220 may each receives the query encoding 212Q and the centroid values 
include deep neural networks ( DNNs ) . 214 , 214a - n determined for each of the N number of 
FIG . 2 provides an example DBLE architecture 200 for respective classes to determine / calculate the respective class 

jointly training the classification model 210 and the confi- 35 distance measures , and also receives the ground - truth cen 
dence model 220 in parallel such that training examples 114 troid value 212G to determine / calculate the ground - truth 
identified as being misclassified by the classification model distance between the query encoding 212Q and the ground 
210 are used to train the confidence model 220 to enable the truth centroid value 2126. Accordingly , the classification 
confidence model 220 to estimate a distance of a test sample model 210 is a function parameterized by trainable param 
to its ground - truth center in a distance - based representation 40 eters 0 and uses a loss associated with a negative log 
space during inference when the ground - truth center is not likelihood of the ground - truth centroid value 212G of each 
known . By contrast to vanilla training techniques for clas training example in the query set of training examples 1140 
sification that are based on variants of min - batch gradient given the support set of training examples 114S represented 
descent , the DBLE architecture uses episodic training for by the following equation : 
training the classification model 210 in which DBLE creates 45 
an episode by randomly sampling training examples 114 
from the training data set 110 to select two sets of training ( 1 ) 

L ( O ) = E examples : ( 1 ) a support set of training examples 114S ; and logp ( y ; | xi , Sc ; ) . 
( 2 ) a query set of training examples 114Q . More specifically , 
the DBLE creates each episode by first randomly sampling / 50 
selecting N number of training data subsets 112 from the where Se is the support set of training examples 114S , Qe is 
plurality of data subsets 112. Thereafter , the DBLE selects the query set of training examples 114Q , y ; is the ground 
the support set of training samples 114S by sampling K truth centroid value 2125 , and x ; is the query set training 
number of training examples 114Sa - k from each of the N example 114Q input to the classification model , and o 
number of training data subsets 112 and selects the query set 55 represents the trainable parameters of the classification 
of training examples 114Q by sampling training examples model 210. The prototypical loss for classification 215 is 
114 from each of the N number of training data subsets 112 configured to calculate a predictive label distribution of each 
that are not included in the support set of training samples training example x in the query set of training examples 
114S . In some examples , the N number of training data 114 based on the respective class distance measure for 
subsets includes two or more training data subsets 112 in the 60 each respective class of the N number of classes using the 
training data set 110. While the N number of training data following equation : 
subsets could include the entire plurality of training data 
subsets , DBLE does not require using the entire training data 
subset since fitting training examples from the support set of exp ( -d ( hi , Cy ) ) ( 2 ) p ( y ; Xi , Se ; 0 ) = training examples in a batch to processor memory can be 65 Ek ' exp ( -d ( hi , Ck ' ) ) 
challenging when the number of different classes is very 
large . 
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where h , is the corresponding query encoding 214Q rep- training example , and updates parameters o of the confi 
resenting the corresponding training example xi in the dence model 220 based on the new query encoding 224 . 
distance - based representation space . Thus , the DBLE The confidence model 220 is trained to output larger 
updates the trainable parameters 0 of the classification standard deviation values 222 , o , for query encodings 2120 
model 210 by minimizing the loss , < ( , calculated by 5 associated with larger class distance measures . To sample a 
Equation 1 with the predictive label distribution , p ( Y ; X ;, new query encodings 224 , Z? , the confidence model 220 uses Sc : 0 ) , calculated for each training example x , in the query set a sampling operation 225 that samples from an isotropic of training examples 114Q using Equation 2. Thus , in the Gaussian distribution parameterized by the corresponding representation space for the query encodings 212Q and the 
centroid values 214 determined for the N number of classes , 10 tion value 222 , 0. The proto - loss for calibration 250 is 

query encoding 2120 , h , and corresponding standard devia 
training of the classification model 210 maximizes inter configured to calculate a prototypical loss using a predicted class distances and minimizes intra - class distances . As a label distribution of the new query encoding 224 , result , training examples belonging to a same class are 
clustered together and clusters representing different classes sampled for each misclassified training example x , using the 
are pushed apart in the representation space . following equation : 

While using the classification model 210 to classify each 
training example in the query set of training examples 114Q , 
the DBLE 200 identifies any training examples that were exp ( -d ( 25 , Cys ) ) ( 3 ) plys | xs ; 0 ) = 
misclassified by the classification model 210. The DBLE Ek ' exp ( -d ( 25 , Ck ' ) ) 
200 may identify a training example as misclassified when 20 
classification predicted by the classification model 210 does Thus , the DBLE updates the trainable parameters Q of the not match the corresponding ground - truth label 212G for the confidence model 220 to encourage the confidence model training example . In some examples , the DBLE 200 iden 220 to output larger standard deviation values 222 , o , for tifies the training example as misclassified when the respec tive ground - truth distance between the query encoding 2120 25 query encodings 212Q associated with larger class distance 
and the ground - truth centroid value 212G associated with measures . Notably , by fixing the query encoding 212Q for 
the corresponding training example in the query set of each mis - classified training example in the representation 
training examples 114Q fails to satisfy a distance threshold space , maximizing Equation 3 forces the new query encod 
in the representation space . Otherwise , the DBLE 200 may ings 224 to be as close to the respective ground - truth 
identify any training examples in the query set of training 30 centroid value 212G . Since mis - classified training examples 
examples 114Q having a respective ground - truth distance include query encodings 212Q further away from the 
between the query encoding 212Q and the ground - truth ground - truth centroid value 2126 , encouraging the confi 
centroid value 212G associated with the corresponding dence model 220 to output larger corresponding standard 
training example in the query set of training examples 114Q deviation values 222 forces the new query encodings 224 to 
that satisfy ( e.g. , less than or equal to ) the distance threshold 35 be close to the ground - truth centroid values 212G . FIG . 4 
as correctly classified by the classification model 210 . provides an example algorithm 400 representing the training 

In some implementations , the confidence model 220 of the classification and calibration models 210 , 220 using 
trains on training examples in the query set of training the DBLE 200 described in FIG . 2 . 
examples 1140 identified as being misclassified by the FIGS . 3A and 3B show example plots 300a , 300b of dots 
classification model 210. Generally , correctly - classified 40 representing training examples from the query set of training 
training examples constitute a vast majority of the training examples 114Q in the representation space . The dotted 
examples encountered during training of the classification vertical line in each of plots 300a , 300b denotes a decision 
model . Based on this notion , using all of the training boundary where training examples on the left and right sides 
examples 114Q would result in small / short class distance belong to different respective classes . Further , the dotted 
measures associated with the correctly - classified training 45 circles represent the standard deviation values 222 , o , for 
examples in the query set of training examples 114Q domi- corresponding query encodings 212Q , hq - hc , wherein hq , hy 
nating the training of the confidence model 220 , thereby are associated with mis - classified query encodings 2220 
making it more difficult for the confidence model 220 to corresponding to mis - classified training examples 114Q and 
capture larger class distance measures associated with the h , is associated with a correctly - classified query encoding 
mis - classified training examples constituting a minority of 50 222Q corresponding to a correctly - classified training - 
all the training examples 114Q . example 1140. The plot 300a of FIG . 3A shows short 

In the example DBLE architecture 200 of FIG . 2 , the standard deviation values 222 for both the mis - classified 
dashed box around the confidence model 220 , as well as a query encodings hq , hy and the correctly - classified query 
sampling operation 225 and proto - loss for calibration 250 encoding h , before updating the trainable parameters o of 
associated with the confidence model 220 , denotes training 55 the confidence model 220. After updating the trainable 
of the confidence model 220 in parallel with the classifica- parameters 9 of the confidence model 220 , the plot 300b of 
tion model 210 using only each training example in the FIG . 3B shows larger standard deviation values 222 for the 
query set of training examples 114Q identified as being the mis - classified query encodings hq , h , as a result of the 
misclassified . Thus , for each training example in the query proto - loss for calibration moving the new query encodings 
set of training examples 114Q identified as being misclas- 60 Za Zy sampled from the mis - classified training examples as 
sified , the DBLE executing on the data processing hardware close as possible to the ground - truth centroid value 212G 
104 : generates , using the confidence model 220 , a standard associated with correct class . 
deviation value 222 , o , for the query encoding 212Q gen- Referring back to FIG . 2 , during inference , the DBLE 200 
erated by the classification model 210 for the corresponding executing on the data processing hardware 104 calculates a 
misclassified training example ; samples , using the standard 65 class center 214 for every class c in a training set by 
deviation value 222 and the query encoding 212Q , a new averaging the representations 2125 of all corresponding 
query encoding 224 for the corresponding misclassified training examples using the following equation : 

a 

c 

m 



1 
test ?? - 

5 

10 

2 

t 

U ( 5 ) 2 

U » u = 1 

US 11,487,970 B2 
9 10 

114S that belong to the respective class . At operation 508 , 
( 4 ) for each training example in the query set of training 

ITAL fe ( x ; ) examples 114Q , the method 500 includes generating , by the ( xt , YtETK 
data processing hardware 104 , using the classification model 
210 , a query encoding 212Q ; determining , by the data 

where Tk is the set of all training examples belonging to processing hardware 104 , a class distance measure repre 
class k . Then , given a test sample , Xy , the respective class senting a respective distance between the query encoding 
distance measures of the corresponding query encoding 212Q and the centroid value 214 determined for each 
212Q to each class center 214. The prediction of the label of respective class ; determining , by the data processing hard 
x , is based on the class distance measures such that X is ware 104 , a ground - truth distance between the query encod 
assigned to the class with the closest center in the represen- ing 212Q and a ground - truth label 214G associated with the 
tation space . Thus , if the query encoding 212Q is too far corresponding training example 114 in the query set of 
from its ground - truth class center 214G , it is likely misclas- training examples 114Q ; and updating , by the data process 
sified . Since the ground - truth centroid value 212G is unknown for a test sample x , at inference , i.e. , no label is 15 ing hardware 104 , parameters of the classification model 210 based on the class distance measure and the ground available , the DBLE employs the trained confidence model truth distance . 220 to estimate the respective class distance measures to 
assist the classification model 210 in predicting the label . At operation 510 , for each training example 114 in the 

query set of training examples 1140 identified as being That is , the classification model 210 predicts a label for every test sample x , using the corresponding query encoding 20 misclassified , the method 500 includes generating , by the 
h , 212Q . The confidence model 220 then outputs the stan data processing hardware 104 , using the confidence model 
dard deviation value o , 222 for the query encoding h , and the 220 , a standard deviation value 222 for the query encoding 
sampling operation 225 samples the new query encoding 212Q generated by the classification model 210 for the 
224. The DBLE then averages the predictive label distribu corresponding misclassified training example ; sampling , by 
tions as a confidence estimation using the following equa 25 the data processing hardware 104 , using the standard devia 
tion : tion value 222 and the query encoding 212Q , a new query 

encoding 224 for the corresponding misclassified training 
example ; and updating , by the data processing hardware 
104 , parameters of the confidence model 220 based on the exp ( -d ( 3 , cy :) ) Ply ; X ;; 0 ) = 30 new query encoding 224 . 

Ekr exp ( -d ( z , Ck ) ) A software application ( i.e. , a software resource ) may 
refer to computer software that causes a computing device to 
perform a task . In some examples , a software application 

Where U is a total number of new query encodings Z4 224 may be referred to as an “ application , ” an “ app , ” or a 
and Ô ( y 1x0 ) is used as a confidence score for calibrating 35 “ program . ” Example applications include , but are not lim 
the prediction y of the classification model 210. Accord- ited to , system diagnostic applications , system management 
ingly , the DBLE adds more randomness to representation applications , system maintenance applications , word pro 
sampling for test examples further away from ground - truth cessing applications , spreadsheet applications , messaging 
class centers ( likely misclassified ) since estimated variation applications , media streaming applications , social network 
from the confidence model is large . 40 ing applications , and gaming applications . 

FIG . 5 is a flowchart of an example arrangement of The non - transitory memory may be physical devices used 
operations for a method 500 of training a classification to store programs ( e.g. , sequences of instructions ) or data 
model 210 in parallel with a confidence model 220. The ( e.g. , program state information ) on a temporary or perma 
method 500 may execute on the data processing hardware nent basis for use by a computing device . The non - transitory 
104 of FIG . 1 based on instructions stored on the memory 45 memory may be volatile and / or non - volatile addressable 
hardware 106 of FIG . 1. At operation 502 , the method 500 semiconductor memory . Examples of non - volatile memory 
includes receiving , at data processing hardware 104 , a include , but are not limited to , flash memory and read - only 
training data set 110 including a plurality of training data memory ( ROM ) programmable read - only memory 
subsets 112. Each training data subset 112 is associated with ( PROM ) / erasable programmable read - only memory 
a different respective class and has a plurality of correspond- 50 ( EPROM ) / electronically erasable programmable read - only 
ing training examples 114 that belong to the respective class . memory ( EEPROM ) ( e.g. , typically used for firmware , such 

At operation 504 , for two or more training data subsets as boot programs ) . Examples of volatile memory include , 
112 in the training data set 110 , the method 500 includes but are not limited to , random access memory ( RAM ) , 
selecting , by the data processing hardware 104 , a support set dynamic random access memory ( DRAM ) , static random 
of training examples 114S , and a query set of training 55 access memory ( SRAM ) , phase change memory ( PCM ) as 
examples 114Q . The support set of training examples 114S well as disks or tapes . 
includes K number of training examples 114 sampled from FIG . 6 is schematic view of an example computing device 
each of the two or more training data subsets 112. The query 600 that may be used to implement the systems and methods 
set of training examples 114Q includes training examples described in this document . The computing device 600 is 
114 sampled from each of the two or more training data 60 intended to represent various forms of digital computers , 
subsets 112 that are not included in the support set of such as laptops , desktops , workstations , personal digital 
training examples 114S . assistants , servers , blade servers , mainframes , and other 

The method 500 , at operation 506 , includes determining , appropriate computers . The components shown here , their 
by the data processing hardware 104 , using the classification connections and relationships , and their functions , are meant 
model 210 , a centroid value 214 by averaging K number of 65 to be exemplary only , and are not meant to limit implemen 
support encodings 215 associated with the K number of tations of the inventions described and / or claimed in this 
training examples 114 in the support set of training examples document . 

e 



5 

15 

US 11,487,970 B2 
11 12 

The computing device 600 includes a processor 610 , coupled to one or more input / output devices , such as a 
memory 620 , a storage device 630 , a high - speed interface / keyboard , a pointing device , a scanner , or a networking 
controller 640 connecting to the memory 620 and high- device such as a switch or router , e.g. , through a network 
speed expansion ports 650 , and a low speed interface / adapter 
controller 660 connecting to a low speed bus 670 and a The computing device 600 may be implemented in a 
storage device 630. Each of the components 610 , 620 , 630 , number of different forms , as shown in the figure . For 640 , 650 , and 660 , are interconnected using various busses , example , it may be implemented as a standard server 600a 
and may be mounted on a common motherboard or in other or multiple times in a group of such servers 600a , as a laptop manners as appropriate . The processor 610 can process computer 600b , or as part of a rack server system 600c . instructions for execution within the computing device 600 , 10 Various implementations of the systems and techniques including instructions stored in the memory 620 or on the 
storage device 630 to display graphical information for a described herein can be realized in digital electronic and / or 
graphical user interface ( GUI ) on an external input / output optical circuitry , integrated circuitry , specially designed 
device , such as display 680 coupled to high speed interface ASICs ( application specific integrated circuits ) , computer 
640. In other implementations , multiple processors and / or hardware , firmware , software , and / or combinations thereof . 
multiple buses may be used , as appropriate , along with These various implementations can include implementation 
multiple memories and types of memory . Also , multiple in one or more computer programs that are executable 
computing devices 600 may be connected , with each device and / or interpretable on a programmable system including at 
providing portions of the necessary operations ( e.g. , as a least one programmable processor , which may be special or 
server bank , a group of blade servers , or a multi - processor 20 general purpose , coupled to receive data and instructions 
system ) . from , and to transmit data and instructions to , a storage 

The memory 620 stores information non - transitorily system , at least one input device , and at least one output 
within the computing device 600. The memory 620 may be device . 
a computer - readable medium , a volatile memory unit ( s ) , or These computer programs ( also known as programs , 
non - volatile memory unit ( s ) . The non - transitory memory 25 software , software applications or code ) include machine 
620 may be physical devices used to store programs ( e.g. , instructions for a programmable processor , and can be 
sequences of instructions ) or data ( e.g. , program state infor- implemented in a high - level procedural and / or object - ori 
mation ) on a temporary or permanent basis for use by the ented programming language , and / or in assembly / machine 
computing device 600. Examples of non - volatile memory language . As used herein , the terms “ machine - readable 
include , but are not limited to , flash memory and read - only 30 medium ” and “ computer - readable medium ” refer to any 
memory ( ROM ) / programmable read - only memory computer program product , non - transitory computer read 
( PROM ) / erasable programmable read - only memory able medium , apparatus and / or device ( e.g. , magnetic discs , 
( EPROM ) / electronically erasable programmable read - only optical disks , memory , Programmable Logic Devices 
memory ( EEPROM ) ( e.g. , typically used for firmware , such ( PLDs ) ) used to provide machine instructions and / or data to 
as boot programs ) . Examples of volatile memory include , 35 a programmable processor , including a machine - readable 
but are not limited to , random access memory ( RAM ) , medium that receives machine instructions as a machine 
dynamic random access memory ( DRAM ) , static random readable signal . The term “ machine - readable signal ” refers 
access memory ( SRAM ) , phase change memory ( PCM ) as to any signal used to provide machine instructions and / or 
well as disks or tapes . data to a programmable processor . 

The storage device 630 is capable of providing mass 40 The processes and logic flows described in this specifi 
storage for the computing device 600. In some implemen- cation can be performed by one or more programmable 
tations , the storage device 630 is a computer - readable processors , also referred to as data processing hardware , 
medium . In various different implementations , the storage executing one or more computer programs to perform func 
device 630 may be a floppy disk device , a hard disk device , tions by operating on input data and generating output . The 
an optical disk device , or a tape device , a flash memory or 45 processes and logic flows can also be performed by special 
other similar solid state memory device , or an array of purpose logic circuitry , e.g. , an FPGA ( field programmable 
devices , including devices in a storage area network or other gate array ) or an ASIC ( application specific integrated 
configurations . In additional implementations , a computer circuit ) . Processors suitable for the execution of a computer 
program product is tangibly embodied in an information program include , by way of example , both general and 
carrier . The computer program product contains instructions 50 special purpose microprocessors , and any one or more 
that , when executed , perform one or more methods , such as processors of any kind of digital computer . Generally , a 
those described above . The information carrier is a com- processor will receive instructions and data from a read only 
puter- or machine - readable medium , such as the memory memory or a random access memory or both . The essential 
620 , the storage device 630 , or memory on processor 610 . elements of a computer are a processor for performing 
The high speed controller 640 manages bandwidth - inten- 55 instructions and one or more memory devices for storing 

sive operations for the computing device 600 , while the low instructions and data . Generally , a computer will also 
speed controller 660 manages lower bandwidth - intensive include , or be operatively coupled to receive data from or 
operations . Such allocation of duties is exemplary only . In transfer data to , or both , one or more mass storage devices 
some implementations , the high - speed controller 640 is for storing data , e.g. , magnetic , magneto optical disks , or 
coupled to the memory 620 , the display 680 ( e.g. , through a 60 optical disks . However , a computer need not have such 
graphics processor or accelerator ) , and to the high - speed devices . Computer readable media suitable for storing com 
expansion ports 650 , which may accept various expansion puter program instructions and data include all forms of 
cards ( not shown ) . In some implementations , the low - speed non - volatile memory , media and memory devices , including 
controller 660 is coupled to the storage device 630 and a by way of example semiconductor memory devices , e.g. , 
low - speed expansion port 690. The low - speed expansion 65 EPROM , EEPROM , and flash memory devices ; magnetic 
port 690 , which may include various communication ports disks , e.g. , internal hard disks or removable disks ; magneto 
( e.g. , USB , Bluetooth , Ethernet , wireless Ethernet ) , may be optical disks ; and CD ROM and DVD - ROM disks . The 
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processor and the memory can be supplemented by , or updating , by the data processing hardware , parameters 
incorporated in , special purpose logic circuitry . of the classification model based on the class dis 

To provide for interaction with a user , one or more aspects tance measure and the ground - truth distance ; and 
of the disclosure can be implemented on a computer having for each training example in the query set of training 
a display device , e.g. , a CRT ( cathode ray tube ) , LCD ( liquid examples identified as being misclassified : 
crystal display ) monitor , or touch screen for displaying generating , by the data processing hardware , using the 
information to the user and optionally a keyboard and a confidence model , a standard deviation value for the 
pointing device , e.g. , a mouse or a trackball , by which the query encoding generated by the classification model 
user can provide input to the computer . Other kinds of for the corresponding misclassified training 

example ; devices can be used to provide interaction with a user as sampling , by the data processing hardware , using the well ; for example , feedback provided to the user can be any standard deviation value and the query encoding , a form of sensory feedback , e.g. , visual feedback , auditory new query encoding for the corresponding misclas feedback , or tactile feedback ; and input from the user can be sified training example ; and received in any form , including acoustic , speech , or tactile updating , by the data processing hardware , parameters input . In addition , a computer can interact with a user by of the confidence model based on the new query 
sending documents to and receiving documents from a encoding . 
device that is used by the user ; for example , by sending web 2. The method of claim 1 , wherein the ground - truth label 
pages to a web browser on a user's client device in response comprises a ground - truth centroid value within a distance 
to requests received from the web browser . 20 based representation space . 
A number of implementations have been described . Nev- 3. The method of claim 1 , wherein updating the param 

ertheless , it will be understood that various modifications eters of the classification model based on the class distance 
may be made without departing from the spirit and scope of measure and the ground - truth distance trains the classifica 
the disclosure . Accordingly , other implementations are tion model to minimize intra - class distances and maximize 
within the scope of the following claims . 25 inter - class distances . 

4. The method of claim 1 , wherein the confidence model 
What is claimed is : is trained to maximize the standard deviation value for larger 
1. A method for jointly training a classification model and ground - truth distances and sample new query encodings 

a confidence model , the method comprising : close to respective ground - truth centroid values within a 
receiving , at data processing hardware , a training data set 30 distance - based representation space . 

comprising a plurality of training data subsets , each 5. The method of claim 1 , wherein any training examples 
training data subset associated with a different respec- in the query set of training examples identified as being 
tive class and having a plurality of corresponding misclassified comprise any training examples in the query 
training examples that belong to the respective class ; set of training examples that include ground - truth distances 

from two or more training data subsets in the training data 35 failing to satisfy a distance threshold . 
set : 6. The method of claim 1 , wherein the confidence model 
selecting , by the data processing hardware , a support is not trained on training examples in the query set of 

set of training examples , the support set of training training examples that include ground - truth distances satis 
examples comprising K number of training examples fying a distance threshold . 
sampled from each of the two or more training data 40 7. The method of claim 1 , wherein updating parameters of 
subsets ; and confidence model comprises updating the parameters of the 

selecting , by the data processing hardware , a query set confidence model to encourage the confidence model to 
of training examples , the query set of training output larger standard deviation values for query encodings 
examples comprising training examples sampled associated with larger class distance measures . 
from each of the two or more training data subsets 45 8. The method of claim 1 , wherein the training examples 
that are not included in the support set of training comprise image data . 
examples ; 9. The method of claim 1 , wherein the classification 

for each respective class associated with the two or more model comprises a deep neural network ( DNN ) . 
training data subsets , determining , by the data process- 10. The method of claim 1 , wherein the confidence model 
ing hardware , using the classification model , a centroid 50 comprises a deep neural network ( DNN ) . 
value by averaging K number of support encodings 11. A system for jointly training a classification model and 
associated with the K number of training examples in a confidence model , the system comprising : 
the support set of training examples that belong to the data processing hardware ; and 
respective class ; memory hardware in communication with the data pro 

for each training example in the query set of training 55 cessing hardware , the memory hardware storing 
examples : instructions that when executed on the data processing 
generating , by the data processing hardware , using the hardware cause the data processing hardware to per 

classification model , a query encoding ; form operations comprising : 
determining , by the data processing hardware , a class receiving a training data set comprising a plurality of 

distance measure representing a respective distance 60 training data subsets , each training data subset asso 
between the query encoding and the centroid value ciated with a different respective class and having a 
determined for each respective class ; plurality of corresponding training examples that 

determining , by the data processing hardware , a belong to the respective class ; 
ground - truth distance between the query encoding from two or more training data subsets in the training 
and a ground - truth label associated with the corre- 65 data set : 
sponding training example in the query set of train selecting a support set of training examples , the 
ing examples ; and support set of training examples comprising K 
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number of training examples sampled from each updating parameters of the confidence model based 
of the two or more training data subsets ; and on the new query encoding . 

selecting a query set of training examples , the query 12. The system of claim 11 , wherein the ground - truth set of training examples comprising training label comprises a ground - truth centroid value within a examples sampled from each of the two or more 5 distance - based representation space . training data subsets that are not included in the 
support set of training examples ; 13. The system of claim 11 , wherein updating the param 

for each respective class associated with the two or eters of the classification model based on the class distance 
more training data subsets , determining , using the measure and the ground - truth distance trains the classifica 

tion model to minimize intra - class distances and maximize classification model , a centroid value by averaging K inter - class distances . number of support encodings associated with the K 
number of training examples in the support set of 14. The system of claim 11 , wherein the confidence model 
training examples that belong to the respective class ; is trained to maximize the standard deviation value for larger 

for each training example in the query set of training ground - truth distances and sample new query encodings 
examples : close to respective ground - truth centroid values within a 

distance - based representation generating , using the classification model , a query space . 
encoding ; 15. The system of claim 11 , wherein any training 

determining a class distance measure representing a examples in the query set of training examples identified as 
respective distance between the query encoding being misclassified comprise any training examples in the 

and the centroid value determined for each respec- 20 distances failing to satisfy a distance threshold . query set of training examples that include ground - truth 
tive class ; 

determining a ground - truth distance between the 16. The system of claim 11 , wherein the confidence model 
query encoding and a ground - truth label associ is not trained on training examples in the query set of 
ated with the corresponding training example in training examples that include ground - truth distances satis 
the query set of training examples ; and fying a distance threshold . 

updating parameters of the classification model 17. The system of claim 11 , wherein updating parameters 
based on the class distance measure and the of confidence model comprises updating the parameters of 
ground - truth distance ; and the confidence model to encourage the confidence model to 

for each training example in the query set of training output larger standard deviation values for query encodings 
examples identified as being misclassified : associated with larger class distance measures . 
generating , using the confidence model , a standard 18. The system of claim 11 , wherein the training examples 

deviation value for the query encoding generated comprise image data . 
by the classification model for the corresponding 19. The system of claim 11 , wherein the classification 
misclassified training example ; model comprises a deep neural network ( DNN ) . 

sampling , using the standard deviation value and the 20. The system of claim 11 , wherein the confidence model 
query encoding , a new query encoding for the comprises a deep neural network ( DNN ) . 
corresponding misclassified training example ; and 
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